The systematic risk of IPO's in the thinly traded Istanbul Stock Exchange (ISE) are estimated using Empirical Bayes Estimators (EBE) and the industries that the firms belong as priors. Comparisons are made with OLS estimations and across different estimation periods. Two benchmark criteria are used; sum of squared residuals and sum of absolute residuals. The application requires some complicated manipulation of the theory where some inferiors of the ordinary Bayesian approach are avoided. Results show that, using the EBE procedure, betas can be calculated with great precision. This enables us to evaluate IPO's on similar intuition with other stocks, i.e. in a portfolio context rather than in isolation.
Introduction
The capital-asset-pricing model (CAPM) of Sharpe (1964) and Litner (1965) has constituted a cornerstone in the finance literature. CAPM is still popular among academics as well as practitioners in estimating expected returns. It has a powerful intuition that centers on the assumption that investors hold mean-variance efficient portfolios as described by Markowitz (1959) and the underlying economics is straightforward. Estimation of expected returns using CAPM is simple and straightforward.
Almost all textbooks in corporate finance recommend CAPM expected returns for estimating the cost of capital. Academics in empirical finance typically use CAPM to estimate benchmark expected returns. Despite the sound theoretical foundations and, simple estimation procedure, empirical problems remain. Considerable empirical evidence is reported that the market β alone is not sufficient to describe the expected returns on individual securities 1 . Several multifactor alternatives have been offered with the most prominent being the Arbitrage Pricing Theory of Roll and Ross (1980) . Also, it is known that tests of CAPM are sensitive to the proxies used for market portfolio (Stambough, 1982) and the relationship between stock returns and systematic risk contains non-linearities (Tinic and West, 1986) . Still, the market model is widely used as a benchmark for performance evaluation and for measurement of abnormal returns in event studies, due to its strong intuition and straightforward estimation.
One way to circumvent the trade-off between empirical problems in describing expected returns and the practical need for a one factor, straightforward measure of systematic risk is to use alternative estimation procedures. Depending upon the needs of the researchers, different estimation procedures have been proposed. Fama-MacBeth (1973) two-pass regressions and FamaFrench (1992) tree factor model are the most well known. Karolyi 91992) argues that adjustment techniques based on cross-sectional information are uninformative and introduces prior information in the form of size and industry based cross-sectional distributions. Bera and Kannan (1986) , suggest a multiple root-linear model to adjust the betas, assuming that betas are changing over time with a regular pattern towards the mean value. Vasicek (1973) proposed a Bayesian adjustment technique where the weighted-average of historical and cross-sectional betas is used. Dimson (1979) considered the case of infrequent trading and proposed an aggregated coefficients method for estimating the betas. Siegel (1995) estimates betas from observed option prices to account for the implicit volatility of the stock. Wittkemper and Steiner (1996) use neural networks to predict the betas. This way, they account for the non-linear interdependencies between a number of variables besides the past returns. In that sense, they actually employ a multi-factor model.
The purpose of this paper is to introduce an alternative estimation procedure to tackle another problematic case-the initial public offerings ( IPOs). The available technology for measuring betas is based on regression analysis of historical data. In the case of an IPO, it is extremely difficult to estimate the betas due to the limited number of observations on the stock price. However, the practical need remains to estimate expected returns by using the same intuition applied to other stocks that the portfolio manager follows. There is little doubt that the portfolio manager wants to use the most widely accepted and simple-to-implement criterion to make inferences about the risky asset under consideration-the IPO.
CAPM is intuitive and simple to employ. The expected return on any security depends only on the sensitivity of its return to the market return, i.e. its market beta. The procedure is straightforward then. All you need to do is to choose an index to represent the market portfolio, and compute the betas against this index. Despite the overwhelming literature on the skepticism about several stock indices being proper representations of the market we shall not discuss the issue here.
Rather we shall assume that, in practice, the stock index being readily available at the same frequency as the stock price data, will be used to represent the market.
In the case of IPO's the main problem is that historical data are extremely limited, a couple of days in fact. Therefore the paper will introduce the Empirical Bayes estimates, that will deal with the estimation problem. We use prices of other stocks in the same industry as priors, and calculate betas accordingly. We show that the price forecasts improve considerably, when Empirical Bayes estimates are used with industry information as the prior. Stambaugh (1997) uses Bayesian predictive distributions of future returns successfully in constructing minimum variance portfolios for emerging markets. In that case, the need for the Bayesian approach arises due to the fact that the length of available histories differ across the assets traded on separate exchanges and he does not want to discard returns to truncate some markets.
Other successful applications include Pastor and Stambaugh (1999) whereby cost f equity for individual firms are estimated in a Bayesian framework using several factor-based pricing models.
They show that in the absence of mispricing uncertainty, uncertainty about Betas become nearly as important as uncertainty about factor premiums.
Using industry information as the prior has a number of practical and theoretical advantages. Fama and French (1997) show that standard errors of more than 3% are typical for CAPM and their three-factor model as a result of imprecise estimates of the loadings of industries on risk factors. The intuition behind CAPM and the simplicity of application remain. We employ a single-factor rather than a multi-factor alternative. The expected returns on securities are calculated considering their sensitivity to the market return. The stock index is still used as a representation of the market. However, adjustments are made giving as prior information the prices of the securities in the same industry as the IPO under investigation. Results show that, using this procedure, betas can be calculated for the IPO's with great precision. This enables us to evaluate IPO's on similar intuition with other stocks, i.e. in a portfolio context, rather than in isolation.
The rest of the paper is organized as follows. Section 2 gives the empirical framework and section 3 the details of the data set. Measures used to compare OLS and EBE are presented in section 4. Empirical results are given in section 5 and section 6 concludes.
Empirical Framework
The CAPM is a one factor model which basically states that the expected return [E(R it When we use OLS to estimate equation (1) the error terms have the following dimension, and the variance terms:
Hence, using OLS, beta estimate will be based on:
2 We drop subscript i which denotes the specific stock for the sake of simplicity in the following equations. N denotes the number of firms in the market.
where OLS estimates of beta coefficients and related variances are:
Here X= [1 M] , where 1 is a T × 1column vector of ones and β=(β 0 , β 1 )' is a 2 × 1 vector of regression coefficients for equation 1. The OLS estimates the common variances of the disturbance terms as:
Note that the OLS approach to estimate Equations 1 through 4 assumes that parameter estimates for one stock tells us nothing about the likely true parameter values for any other stock.
While this is a standard conservative assumption, it is quite restrictive for estimating betas in the case of IPO's. Indeed, there is some more information embedded in the data which is ignored by OLS. The information we utilize in this paper is the likely coordinated action of the stocks within the same sector. The idea leading to the extra information employed by Empirical Bayes is that the stocks within the same sector are affected from the exogenous shocks to that sector together, therefore they move similar to each other. This piece of information is used in our second approach, Empirical Bayes, which assumes that the true parameter values for the individual stocks are related.
In particular, the Empirical Bayes model is obtained by assuming that β has a normal prior distribution of the form:
The standard Bayesian approach now tries to specify the hyperparameters ? (for the mean of β) and ? (to specify the variance-covariance of β) and use Bayes' rule for estimation. This leads to the Bayesian estimator: Note that the estimated variance of the Empirical Bayes estimator is smaller than the variance of the OLS estimator by construction. The increased precision is a result of the increased information introduced into the model.
The Data Set
The data set consists of the daily closing prices of all the firms traded at Istanbul Stock 
sample of 276 firms. For each IPO, we require that the industry has at least three firms with continuous price data, so that we can calculate the priors. The resulting sample consists of 248 firms. ISE's industry groupings are followed and a total of 248 firms are grouped into 19 industries with 6 to 33 firms in each industry 4 . The ISE-composite, which is a value-weighted index and is available on a continuous basis during trading, is used to represent the market. The returns on individual stocks and the index are calculated as log differences, to ensure continuously compounded returns.
In order to compare the performance of the OLS and Empirical Bayes methods, the time series data for each stock is split into two sets of different lengths; namely the estimation and the forecast periods. We pretend as follows: the time series data for stocks during the estimation period is assumed to be known by the investor. The time series data for the same stocks during the forecast period is assumed to be unknown to the estimator. The actual (realized) values of stock prices in the forecast period are then used to compare the performance of two beta estimation methods; the OLS and the Empirical Bayes.
Several estimation and forecast periods are employed assuming different investment strategies. Since the purpose of the paper is to calculate betas for IPO's we start with very short estimation and forecast periods. Then we extend the estimation and forecast periods to longer intervals. We estimate betas first, five days (a week) after an IPO has been introduced and forecast the expected price for next week which is the next five trading days. Finally, we estimate the beta's using a 120 day (six months) estimation period and 20 day (one month) forecast period which is consistent with the estimation and portfolio adjustment periods employed by market practitioners as well as many researchers. Table 1 below is designed to display the ten estimation and forecast periods that we used in this study.
***Insert Table 1 here***
The comparison of the performance of the OLS estimates and the Empirical Bayes estimates are made for each investment strategy, i.e., each estimation and forecast period as follows. First we compare the performance of OLS and Empirical Bayes methods for the ten forecast and estimation periods for the initial public offerings (IPO's). Then we repeat the exercise for seasoned issues, i.e. the firms that had already been trading at ISE in the particular industry that the IPO was introduced.
In each case, both for the IPO's and for the seasoned issues, we had set the initial dates of the regressions to the days where a new stock, IPO, is introduced to the industry. For example, for strategy (A) the estimation period starts the day the IPO is introduced (t=1) and the first five days of trading (t=1,2,3,4,5) are used to estimate the betas. Then performance is measured for the forecast period which is another 5 days after the estimation period ends (t=10). Alternatively, for strategy (I), estimation period also starts the day the IPO was introduced (t=1) and uses the 120 consecutive observations (t=1,2,3…120) following the introduction of the IPO. The forecast period is twenty days immediately following the estimation period (t=20). The time series data for each stock in all of the 19 industries and the index are arranged in such a way to let the date at which an IPO is introduced to initiate the regressions. In the case of IPO's, the major problem is that time-series data are not available, and the number of observations to be used for estimating the Betas are severely limited. This way we can understand if Empirical Bayes is a convincing alternative to estimate Betas with limited number of data points in the case of IPO's. The second problem in the case of IPO's is the number of firms in each industry that we use as the prior. In our data set, an industry is defined as comprised of a minimum of three firms. Therefore the number of firms in each industry starts from 3 and gradually increases to 28 as new firms enter the sector. This gave us an opportunity to observe the successes of the Empirical Bayes estimators when the number of firms in each industry was changing, thus the prior that we used was changing. The same is true when the estimation period moves from 1 month (20 days) to 6 months (120 days) and the forecast period is fixed at one month (20 days) in columns (E) through (J). In Table 2 we can see that for the 20 days' forecast period, in 86 out of 114 cases F S <0. In Table 3 The estimation period moves from 1 month (20 days) to 6 months (120 days) and the forecast period is fixed at one month (20 days) in columns (E) through (J) of Tables 4 and 5 . In Table 4 we can see that for the estimation period, using 120 days' data F S < 0 in 82 out of 114 cases. In Table 5 , for the estimation period using at most 120 days' data F A < 0 in 78 out of 114 cases.
Comparison of OLS and Empirical Bayes Estimators
*** insert Table 6 here***
We are also interested in the success of Empirical Bayes estimators, as the number of firms in a specific industry is increasing when the IPO is launched. The number of firms in each industry is important because we use the beta coefficients of those firms as the priors of Empirical Bayes estimators. In our data set, an industry is defined as comprised of a minimum of three firms.
Therefore the minimum number of firms in an industry is 3 and the maximum number of firms in an industry is 28 in our sample. This gives us an opportunity to observe the successes of the Empirical Bayes estimators when the number of firms in each industry is changing, thus the prior that we used was alternating accordingly. Table 6 is prepared to display F S for IPO's as defined in (19).
Overall, we observe that F S <0, indicating that EB dominates OLS and seems to be a better method to estimate betas. Roughly speaking, F S is larger when an IPO is introduced to an industry with larger number of firms indicating that EB is slightly superior to OLS when industry size is larger. However the effect of the size of the industry is not as pronounced as the effect of the estimation period. As we have observed in tables 2 and 4 F S also becomes larger at shorter estimation periods. That is also important as it indicates that EB is stronger than OLS at initial stages of introduction of an IPO where it is extremely difficult to estimate the betas using OLS. *****insert Table 7 here***** Overall, we observe from table 7 that EB performs much better than OLS in most of the cases. In all, except for one, EB has smaller sum of absolute residuals than OLS estimates, in more than 50% of the cases. In general we observe that EB performs better than OLS for both the IPO's and seasoned equities for shorter estimation and forecast horizons. Also the frequency of cases that EB performs better increases as we introduce the 5% benchmark. Sum of absolute residuals from EB estimates are at least 5% better than that of OLS estimates more frequently. For example, take strategy G. For IPO's EB performs better than OLS in 61% of the cases. The frequency increases to 75% when we consider only the cases where EB performs at least 5% better than OLS. Similarly, in the case of seasoned equities, EB performs better than OLS in 61% of the cases. However this frequency increases to 73% when we consider only the cases where EB performs at least 5% better than OLS.
Concluding Remarks
This paper introduces EB as an alternative estimation procedure to estimate Betas in the case of IPO's. In this instance, it is extremely difficult to estimate Betas using traditional analysis of historical data mainly due to the limited number of observations on the stock prices. However the practical need remains as portfolio managers want to use the same intuition applied to other stocks. Despite empirical considerations, CAPM is still a straightforward simple-to-implement model to value risky assets while at the same time being strong in theoretical foundations.
We use Empirical Bayes method to circumvent the estimation problem in IPO's by using the price of other stocks in the same industry as priors. Using industry information as prior, enables us to employ a single factor rather than a multi-factor alternative. This way we do not deviate from the intuition behind CAPM, that IPO's similar to seasoned equities, should be evaluated in a portfolio context, rather than in isolation. At the same time we keep the appliction as simple as possible. We still use the index as a representation of the market and calculate risk as the sensitivity of stock to changes in the market. We introduce Empirical Bayes as a method of adjustment whereby prices of stocks in the industry that an initial public offering is made are used as prior information.
We have run less more than twenty thousand regressions to calculate betas using alternative estimation periods. Empirical Bayes estimates are compared to the traditional ordinary least squares' on three grounds. We used ten different estimation/forecast period pairs to calculate. We calculated two different forecast error measures, one magnifying large errors and the next being neutral to the size of the error. Finally we compared the performance of EBE and OLS in estimating Betas for IPO's as well as seasoned equities. 
Table 1 Estimation and Forecast Periods of Different Investment Strategies
We assume that the investor uses the following ten estimation and forecast periods for different investment strategies based on them. The investment strategies are labeled A through J. For example, investment strategy J has a 120 day estimation period and a 20 day forecast period. Table reports the mean values of F S under different investment strategies for firms in each industry. The investment strategies are given in the first row. The industry codes are given in the first column. F S is described in equation (18) in the text as the ratio of the difference of the squared forecast errors estimated using Empirical Bayes and OLS to the sum of the two. F S takes the value zero (F S =0) if the squared forecast errors estimated from Empirical Bayes and OLS and are equal (F SSR, EB = F SSR,OLS ). In this case neither method is superior to other. F S takes a value less than zero (F S < 0) if the forecast errors estimated from Empirical Bayes are less than the forecast errors estimated from OLS regressions (F SSR, EB < F SSR,OLS ). If, F S < 0, we understand that the Empirical Bayes estimators of beta were superior to the OLS estimators, and thus Empirical Bayes is a better method to estimate the betas. F S takes a value greater than zero (F S > 0) if the forecast errors estimated from Empirical Bayes are greater than the forecast errors estimated from OLS regressions (F SSR, EB > F SSR,OLS ). If, F S > 0, we understand that the OLS estimators of beta were superior to the Empirical Bayes estimators, and thus OLS is a better method to estimate the betas. The investor is advised to prefer estimating the Betas using the Empirical Bayes method if F S < 0. Table reports the mean values of F A under the different investment strategies for firms in each industry. The investment strategies are given in the first row. The industry codes are given in the first column. F A is described in equation (19) in the text as the ratio of the difference of absolute forecast errors estimated using Empirical Bayes and OLS to the sum of the two. F A takes the value zero (F A =0) if the squared forecast errors estimated from Empirical Bayes and OLS and are equal (F SAR, EB = F SAR,OLS ). In this case neither method is superior to other. F A takes a value less than zero (F A < 0) if the forecast errors estimated from Empirical Bayes are less than the forecast errors estimated from OLS regressions (F SAR, EB < F SAR,OLS ). If, F A < 0, we understand that the Empirical Bayes estimators of beta were superior to the OLS estimators, and thus Empirical Bayes is a better method to estimate the betas. F A takes a value greater than zero (F A > 0) if the forecast errors estimated from Empirical Bayes are greater than the forecast errors estimated from OLS regressions (F SAR, EB > F SAR,OLS ). If, F A > 0, we understand that the OLS estimators of beta were superior to the Empirical Bayes estimators, and thus OLS is a better method to estimate the betas. The investor is advised to prefer estimating the Betas using the Empirical Bayes method if F A < 0. Table reports the mean values of F S under different investment strategies for non-ipo's in each industry. The investment strategies are given in the first row. The industry codes are given in the first column. F S is described in equation (18) in the text as the ratio of the difference of the squared forecast errors estimated using Empirical Bayes and OLS to the sum of the two. F S takes the value zero (F S =0) if the squared forecast errors estimated from Empirical Bayes and OLS and are equal (F SSR, EB = F SSR,OLS ). In this case neither method is superior to other. F S takes a value less than zero (F S < 0) if the forecast errors estimated from Empirical Bayes are less than the forecast errors estimated from OLS regressions (F SSR, EB < F SSR,OLS ). If, F S < 0, we understand that the Empirical Bayes estimators of beta were superior to the OLS estimators, and thus Empirical Bayes is a better method to estimate the betas. F S takes a value greater than zero (F S > 0) if the forecast errors estimated from Empirical Bayes are greater than the forecast errors estimated from OLS regressions (F SSR, EB > F SSR,OLS ). If, F S > 0, we understand that the OLS estimators of beta were superior to the Empirical Bayes estimators, and thus OLS is a better method to estimate the betas. The investor is advised to prefer estimating the Betas using the Empirical Bayes method if F S < 0. Table reports the mean values of F A under the different investment strategies for non-ipo's in each industry. The investment strategies are given in the first row. The industry codes are given in the first column. F A is described in equation (19) in the text as the ratio of the difference of absolute forecast errors estimated using Empirical Bayes and OLS to the sum of the two. F A takes the value zero (F A =0) if the squared forecast errors estimated from Empirical Bayes and OLS and are equal (F SAR, EB = F SAR,OLS ). In this case neither method is superior to other. F A takes a value less than zero (F A < 0) if the forecast errors estimated from Empirical Bayes are less than the forecast errors estimated from OLS regressions (F SAR, EB < F SAR,OLS ). If, F A < 0, we understand that the Empirical Bayes estimators of beta were superior to the OLS estimators, and thus Empirical Bayes is a better method to estimate the betas. F A takes a value greater than zero (F A > 0) if the forecast errors estimated from Empirical Bayes are greater than the forecast errors estimated from OLS regressions (F SAR, EB > F SAR,OLS ). If, F A > 0, we understand that the OLS estimators of beta were superior to the Empirical Bayes estimators, and thus OLS is a better method to estimate the betas. The investor is advised to prefer estimating the Betas using the Empirical Bayes method if F A < 0. Table reports the mean values of F S under different investment strategies for firms in industries with different number of firms when the IPO enters. The number of firms in the industry when the IPO enters is given in the first row. The industry codes are given in the first column. F S is described in equation (18) in the text as the ratio of the difference of the squared forecast errors estimated using Empirical Bayes and OLS to the sum of the two. F S takes the value zero (F S =0) if the squared forecast errors estimated from Empirical Bayes and OLS and are equal (F SSR, EB = F SSR,OLS ). In this case neither method is superior to other. F S takes a value less than zero (F S < 0) if the forecast errors estimated from Empirical Bayes are less than the forecast errors estimated from OLS regressions (F SSR, EB < F SSR,OLS ). If, F S < 0, we understand that the Empirical Bayes estimators of beta were superior to the OLS estimators, and thus Empirical Bayes is a better method to estimate the betas. F S takes a value greater than zero (F S > 0) if the forecast errors estimated from Empirical Bayes are greater than the forecast errors estimated from OLS regressions (F SSR, EB > F SSR,OLS ). If, F S > 0, we understand that the OLS estimators of beta were superior to the Empirical Bayes estimators, and thus OLS is a better method to estimate the betas. The investor is advised to prefer estimating the Betas using the Empirical Bayes method if F S < 0. Investment strategy
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